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Abstract 
Methods to assess damage in a structure and to evaluate their life are very important to ensure the structural integrity 
of operating plants and structures. The difficulties faced in implementing traditional procedures and the need to 
develop computer based automated evaluation process motivates the application of soft-computing tools like artificial 
neural network. The present works focus on development of a computer code to assess structural damages from 
curvature damage factor using radial basis neural network (RBNN). Comparative study on damage assessment of 
structures has been carried out between RBNN and the well established back propagation neural network. The 
structural damage has been introduced by incorporating a stiffness reduction factor. The inverse problem in the 
damage assessment technique is formulated as optimization problem. The basic idea applied in case of neural 
network is to train a suitable network to recognize the behavior of the structure with various possible damage 
scenarios. The steepest descent gradient algorithm is used to train the simple neural network. The developed code has 
been implemented on a cantilever beam.  The results obtained from both the neural network techniques showed the 
efficiency of the developed code using RBNN. The outcomes of the results are quite encouraging. 
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1. Introduction 
Damage to a structure may be caused as a result of severe natural events such as earthquakes and 
cyclones, accidents or degradation of materials. Sometimes the extent and location of damage can be 
determined through visual inspection. But visual inspection has an inadequate capability to detect and 
assess the damage, especially when damage lies inside the structural member and is not visible. Therefore, 
an effective and reliable damage assessment methodology will be a valuable in timely determination of 
damage and deterioration state of structural member.  
Damage identification is defined in three stages as: (1) detecting, (2) locating and (3) quantifying the 
extent of damage. Most of the procedures developed, follow more or less same approach. First, a 
mathematical model for the structure is constructed and then is used to develop an understanding of the 
structural behavior to establish a relation between a specific number of damage condition and changes in 
the structural response. Soft computing (SC) differs from conventional (hard) computing unlike hard 
computing, it is tolerant of imprecision, uncertainty, partial truth, and approximation. In effect, the role 
model for soft computing is the human mind. The guiding principle of soft computing is: Exploit the 
tolerance for imprecision, uncertainty, partial truth, and approximation to achieve tractability, robustness 
and low solution cost. 
Traditional approaches to structural damage assessment have been generally a combination of 
heuristic or procedural knowledge, which can be further, strengthened using new computing tools like 
Artificial Neural Networks (ANNs). ANNs can effectively deal with qualitative, uncertain, and 
incomplete information, thereby making it highly promising for detecting structural damage, as most of 
the in situ measured data of large civil engineering structures such as buildings and bridges are supposed 
to be imprecise and often incomplete. A robust damage assessment methodology must be capable of 
recognizing patterns in the observed response of the structure resulting from individual member damage, 
including the capability of determining the extent of damage. This capability is within the scope of the 
pattern matching capabilities of ANNs. The utilization of these capabilities of ANN in damage 
assessment is the basis of the study described here. In the present study, ANN is used to extract and store 
the knowledge of the patterns, which is the response of the undamaged and damaged structure. Thus the 
need for construction of mathematical models and comprehensive inverse search is avoided. Recently, 
radial basis neural network is emerging as one of the best tools in neural network.  
Pandey et al. (1991) introduced curvature mode shape as a possible candidate for identifying and 
locating damage in a structure. At the cracked or damaged section, the reduced stiffness leads to increase 
in curvature, which is local in nature. This phenomenon has been used to detect and locate damage in the 
structure. Wu et al. (1992) used the pattern matching capability of a neural network to recognize the 
location and the extent of individual member damage from the measured frequency spectrum of the 
damaged structure. Marwala (2000) presented a committee of neural network technique for the damage 
identification of the structures. The author used frequency response function (FRF), modal properties 
(natural frequencies and mode shapes) and wavelet transform (WT) data simultaneously to identify the 
damage in the structure. Yun and Bahng (2000) had used back propagation algorithm for the estimation of 
the element stiffness parameters of a complex structural system in relation to the problem of damage 
detection. Natural frequencies and mode shapes are used as the input parameters to the neural network for 
effective element level identification, particularly for the case of incomplete measurement of the mode 
shapes. Maity and Saha (2004) proposed a damage assessment technique in structure from changes in 
static parameter using neural networks. Tripathy and Maity (2004) used curvature damage factor as 
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possible candidate to detect and assess the damage in structures using neural network. They used error 
back propagation training algorithm to train the network. Hybrid of neuro-genetic algorithm was used by 
Sahoo and Maity (2007) for optimizing the neural network architecture which is in turn used for damage 
detection.  
The objective of the present paper is to develop a robust algorithm, which will be able to assess the 
damage in a structure closely. To overcome the difficulties cited above, radial basis neural network is 
used to assess the damage considering curvature damage factor of the structure as input parameter to the 
network. The approach here consists of three-sub process. First, parametrically varying model parameters 
of the structure, their corresponding responses for the system are calculated through finite element 
method. Secondly neural network is iteratively trained using a number of training patterns. Here structural 
responses are given as input to neural network, while parameters to be identified, are shown to the 
network as desired data. Finally some structural responses are given to the well-trained network, which 
immediately outputs appropriate value of parameters for untrained patterns. The model parameter taken 
here is the value of stiffness reduction factor of the structural member and structural responses is the 
curvature damage factor.
2. Theoretical formulation 
In the present work, damage detection of beam like structures has been carried out. First, the finite 
element formulation has been done to find its curvature damage factor. ANNs have been adopted for 
damage assessment because of its important features such as, (1) general mapping capabilities (2) 
resistance to noisy input data (3) the ability to trained in a supervised learning (4) the capability of 
operation with incomplete data. ANNs are applied primarily as tools to perform mapping of pattern of 
input data to output patterns representing associated structural damage condition. ANNs take little 
computational effort in comparison to conventional algorithmic structural identification, and it is very 
much suited to structural damage detection. The use of the basic methodology of using radial basis neural 
network has been discussed with respect to damage assessment of structures.  
2.1. Damage formulation 
The finite element formulation of beam element can be found in a standard finite element text book. 
Damage is considered as reduction in stiffness only, without any change in mass of the structure. To 
incorporate this, a parameter ‘stiffness reduction factor’ (SRF) is introduced. Each factor corresponds to 
the reduction in stiffness of one of the elements from which the structure is composed as compared to the 
integral structure. When damage occurs in a structure, the stiffness matrix of the damaged structure, 
donated as > @dk can be expressed as the sum of element stiffness matrix multiplied by the SRF 
( 1,2,..... )i i mE   associated with each of the m elements. i.e,
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Where ielementoffactorreductionstiffness LE , iE varies from 0 to 1. 1 iE indicates 
there is no damage in ith element and 0 iE  indicates ith element is fully damaged. The jth eigen value 
equation associated with the dynamic equation of structure is  
> @^ ` > @^ ` 0j j jK MI O I   (2) 
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where jO is the eigen value and ^ `jI is the corresponding normalized eigen vector. The above 
equation is stated as generalized eigen value problem (GEVP). GEVP can be first converted into simple 
eigen value problem (SEVP) using some transformations. Then SEVP is solved using QR iteration 
algorithm. Then resulting eigen values and eigen vectors are transformed to GEVP using some 
transformations. The mass matrix > @M is unaltered even in the damaged condition. Also the natural 
frequencies and mode shapes of the damaged structure continues to satisfy the eigen value equation. The 
jth mode of such damaged structure therefore satisfies the equation 
> @^ ` > @^ ` 0d jd jd jdK MI O I   (3)
2.2. Curvature damage factor 
Curvature is the rate of change of slope per unit length. Therefore, 
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From the displacement mode shape, the curvature mode shape may be obtained by central difference 
approximation as  
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where h is the length of the element. Curvature damage factor (CDF) is defined as mean of the 
absolute difference between modal curvatures of intact and damaged structure 
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N is the total number of modes considered, oiv cc  is the curvature mode shape of the intact structure at i
th node and div cc  is that of the damaged structure at ith node. 
2.3. Radial basis neural networks (RBNN) 
An RBNN is a type of feed forward neural network that learns using a supervised training technique. 
Radial functions are a special class of functions, their characteristic feature is that response decreases, or 
increases, monotonically with distance from a center point. It has been shown that RBNNs are able to 
approximate any reasonable continuous function mapping with a satisfactory level of accuracy. Radial 
basis networks can require more neurons than standard feed forward back propagation networks, but often 
they can be designed in a fraction of the time it takes to train standard feed forward networks. They work 
best when many training vectors are available. The principles of RBNN and its details are available in 
standard neural network books. In summary, there are basically three steps for constructing an RBNN: (i) 
Calculation of number of radial basis functions on the hidden layer, (ii) Calculating centers and widths of 
the hidden layer units and (iii) Determination of weights of the output layer. 
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3. Results and discussions 
A cantilever beam has been used to study the suitability of the proposed method. A sub-structuring 
method is implemented considering damage in a particular portion of the structure. That part is also 
considered as the internal sub-structure and the rest parts as external sub-structure. The cantilever beam of 
49.53 cm long, 2.54 cm wide and 0.635 cm thick is considered.  The beam is made of aluminum with 
Young’s modulus of 7.1 x 107 kPa and mass density of 2210 kg/m3. The beam is modeled by 20 equal 
Euler-Bernoulli beam elements as shown in Figure 1. Modal analysis of the beam is carried out by 
generalized eigen value problem analysis. Mode shapes of undamaged cantilever beam are shown in 
Figure 2. The damage is introduced by reducing element stiffness, i.e., by giving SRF equal to 0.0622 to 
the element 9 in the FE model while calculating the CDFs in the beam. The absolute differences between 
modal curvatures for first five modes of damage and undamaged beam are calculated. Curvature Damage 
Factor (CDF), which is the mean of absolute difference between modal curvatures for first five modes are 
shown in Figure 3. 
118 9 10
Figure 1: Finite element discretization of cantilever beam.  
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Figure 2: First five mode shapes of cantilever beam. 
3.1. Single element damage detection 
Damage in a single element i.e., in element number 9 is simulated by reducing SRF value in the range 
of 0% to 60%. Assigning random SRF values a total number of 500 damage scenarios are created and 
responses of all these scenarios are calculated. Thus a total 500 patterns are generated out of which 450 
patterns are used for training and rest 50 for testing. Even in the case of CDF the number of hidden layers 
was 28 and 23 similar to the case of Frequency. The beam is tested for 40% damage in 9th element. 
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Figure 3: Curvature damage factor for Cantilever Beam. 
Table 1: Convergence of neural network  
Method Architecture Iterations MSE Others 
BPNN 7-28-23-4 2326 0.0005 K =0.72D =0.8
RBNN 7-20-4 1523 0.0005 s=0.5 
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Figure 4:  Comparison of single element damage detection by BPNN and RBNN 
Results in Table 1 show that convergence of neural network is quite faster in RBNN with respect to 
that of BPNN. It is observed from the results from Figure 4 that both BPNN and RBNN are capable of 
detecting damage to satisfied extent. Comparing both, RBNN detected 38% damage where as BPNN 
detected 36% damage. 
3.2 Multiple element damage detection 
Cantilever beam is tested for multiple element damage in 8th, 9th, 10th and 11th elements at 80, 65, 40 
and 60% damages.  From Figure 5, it is observed that RBNN can assess damages in a better way compare 
to BPNN. Also, the number of iterations as shown in Table 2 is considerable less in case of RBNN in 
comparison to BPNN. 
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Table 2: Convergence of neural network  
Method Architecture  Iterations MSE Others 
BPNN 5-28-23-4 6235 0.0005 K =0.72D =0.8
RBNN 5-20-4 3112 0.0005 s=0.5 
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Figure 5: Comparison of multiple element damage detection by BPNN and RBNN  
4. Conclusions 
The primary objective of the present work is to derive a suitable damage detection algorithm capable 
of detecting and assessing damages in elemental level using RBNN. Based on the numerical exercise 
carried on the cantilever beam, it may be concluded that RBNN is a better choice compare to BPNN 
while detecting and assessing damages. ANN is a better choice because of its pattern matching capability. 
However, the amount of uncertainties involved in designing a suitable network and the inability of using 
the same network for different cases make the process more hectic. 
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